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ABSTRACT

The necessity of sensitivity analysis has rapidly increased for systems with unknown or uncertain mathematical
relationships between inputs and outputs. In this regard, the single-diode model (SDM) of a photovoltaic (PV)
cell can be considered an uncertain, complex, nonlinear system with a non-convex relationship between its
output power and five unknown electrical parameters as inputs. In this paper, a rigorous mathematical analysis
is applied to determine both the local and global sensitivities of the PV cell’s output power with respect to the
five input electrical parameters at the maximum power point (MPP). The local and global sensitivity analyses
are obtained through partial derivatives of the PV power with respect to all five inputs. For the global analysis,
all electrical parameters are normalized between 0 and 1 within their feasible ranges of variation. Then, the
complex partial derivative functions with normalized variables are approximated using multivariable quadratic
functions via the least-squares optimization method. Finally, five separate quintuple integrals of the
approximated squared partial derivative functions are numerically calculated in the unit hypercube H*5. Precise
quantitative values are reported for both local and global analyses at the MPP. It is verified that the diode ideality

factor and the parallel resistance have the highest and lowest impact on SDM performance, respectively.

https://doi.org/10.30501/jree.2025.512572.2305

1. INTRODUCTION

Nowadays, renewable energy sources have attracted
increasing attention due to the critical challenges associated
with fossil fuels, such as environmental pollution, energy
crises, and climate change (Arandian et al., 2022). The
importance of renewable energy sources has further grown with
the emergence of smart local energy systems, which can reduce
the load and optimize power transmission networks (Deb et al.,
2023). Among all renewable energy sources, the utilization of
solar energy has increased because of its wide accessibility and
considerable efficiency (Ridha et al., 2022). Among various
solar energy systems, photovoltaic (PV) technology is the most
popular due to its broad range of applications (Diab et al.,
2020a).

The solar PV cell is an essential component of a PV system
and can be represented by electrical circuits that include one or
more diodes. Among them, the single-diode model (SDM),
double-diode model (DDM), and three-diode model (TDM) are
primarily used for mathematical modeling (Ndi et al., 2021).
The SDM, which contains five unknown parameters, is the
most common circuit topology owing to its lower complexity
and acceptable performance across most PV technologies.
However, parameter estimation in the SDM remains a
challenging task due to the implicit and nonlinear nature of the
current—voltage (I-V) characteristic and the non-uniqueness of
candidate solutions (Toledo et al., 2024).
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Various methods have been developed for parameter
estimation of equivalent circuits with diode(s). These methods
can be categorized as analytical (Khezzar et al., 2014; Chouder
etal.,2012; Baietal., 2014), numerical (Bharadwaj et al., 2016;
Xuetal., 2017; Xu, 2022), metaheuristic (Mathew et al., 2018;
Oliva et al., 2019; Hao et al., 2020; Diab et al., 2020b; Shaheen
et al., 2021; Li et al., 2021; Abdelminaam et al., 2021), and
hybrid (Et-Torabi et al., 2017; Moshksar and Ghanbari, 2017;
Meng et al., 2020; Khalid et al., 2021; Calasan et al., 2021;
Ridha et al., 2022; Tifidat et al., 2022) algorithms. Each method
has its own advantages and drawbacks in terms of accuracy,
complexity, computational burden, and convergence time. All
the above approaches aim to estimate the unknown parameters
such that the best fit between the measured I-V points and the
simulated model can be achieved.

These studies reveal the importance of parameter estimation
and PV model identification. Hence, acquiring a general
overview of the weight and impact of each parameter in the
SDM characteristics can be utilized to improve the PV circuit
model’s performance. Moreover, PV systems are subject to
various faulty conditions, such as partial shading, non-identical
mounting angles, dust accumulation, and cell degradation
(Nazer et al., 2024). Therefore, identifying the most influential
parameters to determine a reliable degradation index for fault
detection and PV monitoring is highly important (Bastidas-
Rodriguez et al., 2017a).
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Sensitivity analysis (SA) is an effective method for
determining the relationships and relative importance of design
parameters in physical systems. Thus, identifying the most
critical system parameters through SA is an efficient approach
to achieve the most optimal design (Malik et al., 2019). In
general, SA is a type of uncertainty analysis that measures the
effect of a given input on the output (Subhadarsini et al., 2022).
Different SA approaches exist, each with specific advantages
and limitations. Some SA methods are model-free, while others
can only be applied to particular mathematical models
(Borgonovo and Plischke, 2016). The classical derivative-
based SA approach is a promising method, obtained by directly
differentiating the outputs with respect to the input parameters
(Jumabekova et al., 2021). It should be noted that derivative-
based analysis only provides local information on system
parameters at a specific operating point. However, an
interesting partial derivative-based approach was developed by
Sobol and Kucherenko (2009), which provides a global
sensitivity measure. It has been shown that the index derived
from this approach is proportional to the global total sensitivity
indices. Moreover, this global method has a lower
computational burden compared to other global analysis
approaches.

Although many studies have been conducted on parameter
estimation in the SDM, a comprehensive investigation into the
impact of each parameter on model performance has not yet
been addressed. In ElShatter and FElhagry (1999), PV
characteristics were predicted online using a fuzzy regression
model to determine the unknown parameters in the SDM, and
a sensitivity analysis of the parameters with respect to the
suggested fuzzy input and output data was then introduced. In
Zhu et al. (2011), some nonlinear equations were derived for
series and parallel resistances, where SA was applied to
determine the most stable ones. In Ahmed et al. (2016), a
numerical method was used to analyze the sensitivity of certain
SDM parameters under various solar radiation and PV
temperature conditions. In Bastidas-Rodriguez et al. (2017b),
the error effect of each parameter in reproducing the PV module
characteristics was presented only schematically. In
Khodapanah et al. (2023), a local SA was conducted for a PV
system based on the SDM. However, the computed partial
derivatives were inaccurate and contained incomplete
mathematical expressions. Nevertheless, none of these studies
considered global SA for the SDM or presented quantitative
values to comprehensively demonstrate the importance of the
circuit model parameters.

In this study, an in-depth sensitivity analysis (SA) is
conducted for a solar cell with the SDM based on the partial
derivative approach. The power of the PV cell is considered as
the output because it contains information about both current
and voltage variables. The derivation of the partial derivatives
of output power with respect to the five unknown inputs is
mathematically impractical due to the implicit nature of the -
V characteristic. To address this problem, the explicit
mathematical expressions for voltage and current from Jain and
Kapoor (2004) are employed. These explicit equations were
obtained using the Lambert W-function. Based on these explicit
equations, the mathematical expressions for the partial
derivatives are derived analytically. Since these equations are
complex and highly nonlinear, their qualitative investigation is
very difficult and almost impossible. Hence, without loss of
generality, the SDM of the R.T.C. France solar cell with the
estimated parameters reported in Diab et al. (2020b) is
considered as the nominal (baseline) model. It is also assumed

that the PV cell operates under the maximum power point
(MPP) condition due to the exceptional importance of this
operating state. The local sensitivities of all parameters and the
corresponding absolute power variations for a 10% deviation
from nominal values are investigated. Moreover, the global SA
technique proposed by Sobol and Kucherenko (2009) is applied
to the R.T.C. France solar cell with the SDM at the MPP. For
this purpose, all five unknown parameters are normalized
between 0 and 1 using the min—max technique within their
admissible ranges of variation. Since the partial derivatives are
remarkably complex, they are approximated using
multivariable quadratic functions via the least-squares
optimization method. Finally, five separate functionals are
defined as quintuple integrals of the squared approximated
functions with normalized variables. These functionals
represent indices for the global SA of the PV cell with the SDM.
All five integrals are calculated numerically with low
computational burden and high accuracy. It should be noted
that all simulations and numerical calculations are implemented
in the MATLAB environment. Quantitative values are obtained
and discussed for both local and global sensitivity analyses of
the PV cell at the MPP. The new insights and main
contributions of this work can be summarized as follows:

e A comprehensive analytical and rigorous mathematical
analysis is provided to determine the weight of each of
the five unknown parameters in the SDM at the MPP.
Previous works have presented only partial results and
relied mainly on schematic interpretations.

e Both local and global analyses are established, and
quantitative values are reported to enable more precise
conclusions on SA. To the best of the author’s
knowledge, this is the first study in this regard.

e  Although the algorithms are implemented for the R.T.C.
France solar cell, the established results can be
generalized to other PV cells with acceptable SDM.

e  The results of this study can be utilized in future research
for more accurate PV modeling, monitoring, and the
development of more reliable fault detection algorithms.

The rest of this paper is organized as follows: the -V
characteristic of a PV cell and its extension to a PV module and
PV array are introduced in Section 2. The local and global
derivative-based sensitivity analyses for a PV cell with the
SDM are discussed in detail in Section 3. Finally, the main
results are summarized in Section 4.

2. SINGLE-DIODE MODEL OF A PV
CELL/MODULE/ARRAY

The nonlinear I — V characteristic of a PV cell with SDM
is given by:

[=FV,1) = I -1 [exp (

(M

V+IRS) _ 1] _ V+IRs
aVi Rp

where I and V are the output current and voltage,
respectively. The five key unknown parameters include
photocurrent (1)), diode saturation current (I,), diode ideality
factor (a), series resistance (R;), and parallel resistance (R,,).

The known constant thermal voltage (V) of the diode is defined
as:
Ve =— 2

where K is Boltzmann’s constant (1.3806503x 10723 J/K),
q is electron charge (1.60217646x 1071° C), and T is cell
temperature in Kelvin.
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For a PV module comprising N, number of series cells, the
I —V equation (1) can be extended as (Tian et al., 2012):

_ _ Vm+IMRs) 4] _ Vm+tImRs
v =1Ipn =lo [exp( aNgVy ) 1] R, G)
where [, and V,, are the current and voltage of the PV
module. The series resistance and the parallel resistance are

updated as (Tian et al., 2012):

R = NgRg
{ﬁp = NsRp, @
For a PV array with N, number of parallel modules, the I —
V characteristic becomes (Tian et al., 2012):

= o (58) 1]t g

where I, and V , are the current and voltage of the PV array.
Comparison of (1), (3), and (5) reveals that the diode ideality
factor is independent of the PV system size and remains
unchanged. The other four parameters are updated as follows

(Tian et al., 2012):

Tph = NpIph
TO = NpIO
~ [\
R = N—pRS (6)
5 N
R, =R
p Np p

A schematic diagram showing how solar cells are
constructed to form a PV module and how modules are
arranged to form a PV array is illustrated in Figure 1.
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Figure 1. Generation of PV modules and arrays from series/parallel
connection of solar cells.

3. DERIVATIVE-BASED ANALYSIS

In addition to estimating the five unknown parameters of
the SDM, it is crucial to assess the impact of each parameter on
the PV system’s performance. Specifically, understanding how
each parameter influences the formation of the -V curve
allows us to rank their significance and identify the dominant
parameters. This knowledge not only improves parameter
estimation techniques but also contributes to the development
of robust model-based algorithms for fault detection and system
monitoring.

As evident from Equation (1), the voltage and current of a
PV cell are nonlinearly interdependent. Therefore, it is more

insightful to analyze the electrical power of the PV cell (P =
V X I) as the output. In power systems, the goal is to meet load
demands at minimal cost, making it essential to quantify and
manage the uncertainty in PV power generation (Wen et al.,
2021).

Using the chain rule, the effect of uncertainty in a
representative parameter such as I, on the output power can
be expressed as:

av
alph

P A o
AP = S Aly, = (1 +V alph)mph. (7

where AP and Al,, represent variations in power and

ap oV and al are
’ 61ph’ 61ph’ 61ph

PV power, voltage, and current differentiation with respect to
the photocurrent variable. Since I — V' characteristic (1) has

photocurrent, respectively. In addition

. L a
transcendental inherent (I = F(V,I)), determinations of 61—V
ph

a1 . S
and 5. are impractical in this current format.
ph

Remark 1: In the referenced studies (Bastidas-Rodriguez

et al., 2017b) and (Khodapanah et al., 2023), % =1 and
ph

a1

= N, are reported for a PV cell (module) and a PV array,
ph

respectively. However, these mathematical relations are not

. oI . .
accurate representations of Py and only contain partial
ph

analytical computations, because the calculation of % forl =
F(V,I) in (1) must be repeated infinitely.

In order to obtain the partial derivatives of voltage and
current with respect to the five unknown parameters, the
explicit mathematical relations presented in Jain and Kapoor
(2004) are considered as follow:

Rp(lo+lpn)=V  W(g, (V))aV¢
Rs+R; R,

V=160 = =Rsl+ (Ipn + 1o = DRy — W(gz(D)aV; ©)

[=£()=

®)

where W (-) is a well-known Lambert W-function and the
nonlinear functions g, (V) and g,(I) are defined as:

_ RslgRpexp(hy(V))
9(V) = avi(Rs+Rp)
hy (V) = Rp(Rslpn+Rslp+V) (10)
1 T aV(Rs+Rp)
and
_ IoRpexp(hy(I)
gD = - v, "
Ry (Iph+1p=1) (11)
ho() =——

In (8) and (9) , V and I are considered as independent
variables, respectively. Thus, (7) can be written as:

_ 0P _ (0, of,
AP = 2Tl = (1 TV a[ph)mph. (12)
fy . . .
Now, oo is given by:
of _ Ry —avy oW  0g
o RotR, R  dgi < ol (13)
where
ow 1
8~ mremWay ¢ 14
081 g1+exp(W(g,)) 1 ( )
0g, _ RngnloeXP(hﬂ (15)

Apn  a?VE(Rs+Rp)?
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- of. .
Similarly, 61_2 can be achieved as:
ph

o, _pn _ w08

o= Rp —aVy x 3 o (16)
where

W - ! 2, (17)

dg;  gatexp(W(gz)

g, _ R?,Ioexp(hz)

0lpn a2V} (18)
Substitution of (13)-(18) in (12) results in:
=° = (12 4y 2 = R _
ap= 0lpn Alpn = (I 0lpn + Valph) Alpn = <V (Rs"'Rp
£1RsR3Ioexp(hy) £,R31pexp(hy)
a(1=fy)
Remark 2: It can be observed from (19) that o=
ph
Rp £1RsREIoexp(hy) . .
Ro+R, V(RorRy)? # 1. The equality to one is only

achieved for an ideal solar cell with Rg = 0 and R, - 0.

Through similar analysis, the impact of uncertainty in other
four parameters is derived as follows:

_ 0P _ (y9v o1 _ Rp _ #1Rpexp(hy)
AP = OIOAIO - (I al, + V(?IO) Alp = <V (R5+Rp (Rs+Rp) (1 +

RsRplo

m))) Al + (1R, — £2Rpexp(h,)[1 + IRy ]) ) Al (20)

A (VL _ _ W(g)Ve moRpexp(hl)(
ap = da fa = (I aa Vaa) da = (V( Rg + a(Rs+Rp) 1+

Rp (RsIph+Rslo+V) B Rplo#zexp(h,)
TR ))) Aa+ (I( W(g)V, + -2 g

Rp(Iph+lo—1)
o)) s @
— PR = (12 4y ) ap. = | v YRelotten | weenave
AP = ST AR = (1 otV aRS) AR, = oy e
RS(RpI h+Rp107V)
R3Igexp(h )[1+p4
(2 plo 1 aVi(Rs+Rp) _
o o2 )ARS + (I[-1DAR,. (22)
9 ar = (12% 4y ) AR, = (v (VRsotlon
AP = AR, = (1 o tV aRp) AR, = (v( iy
£1Rslgexp(hy) Rp(RsIph+Rslp+V) 1
(Rs+Rp)? ( T ViRaRy) ))) ARy + (I (IP“ Tl
Ry (Iph +1o—1)
2,1pexp(hy) [1 + %])) AR, (23)

The partial derivatives of power with respect to the
unknown parameters can be considered as indices for local SA.
Determining the impact of each parameter on the solar cell
model using relations (19)—(23) is almost impossible due to the
high nonlinearity and complexity of these equations. In other
words, providing physical and analytical interpretations is
impracticable because of the inherent complexity of these
mathematical relations. Furthermore, the partial derivatives are
highly dependent on the operating point of the solar cell, i.e.,
the point on the I-V characteristic. Therefore, the investigation
of SA is carried out only numerically and is restricted to a few
specific assumptions, as specified in the following.

3.1 Local Analysis

Here, without loss of generality, the R.T.C. France solar cell
is selected to study the impact of parameter errors on the PV
model. The datasheet values for this commercial solar cell at a
temperature of T = 33 °C and solar irradiance of G = 1000
W/m? are provided in Table 1.

In another referenced study (Diab et al., 2020b), the Coyote
Optimization Algorithm (COA) was utilized to estimate the
unknown parameters of the R.T.C. France solar cell with the
SDM. COA is reported to exhibit effective tracking
performance, providing a good balance between the exploration
and exploitation phases during global optimization.
Additionally, the proposed algorithm was found to be highly
precise and stable compared with other similar optimization
algorithms. Simulations and practical validations demonstrate
the superiority of COA for PV parameter estimation across
different circuit models and diverse PV technologies under
various operating conditions. The estimated parameters of the
R.T.C. France solar cell with the SDM obtained using COA are
reported in Table 2. Star (*) variables in this table represent the
nominal values obtained from the COA algorithm. To perform
local SA and assess the impact of parameter errors on output
power performance, the estimated parameters in Table 2 are
considered as nominal (baseline) values. Moreover, among all
possible operating points on the I-V curve (from the short-
circuit condition (V,I) = (0,I;;) to open-circuit condition
WV, 1) = (Voe, 0)), the MPP condition ((V,I) = (Vinp, I;mp)) 18
considered. This is because the MPP condition is the most
important operating point due to its maximum energy
extraction from the PV cell (Ishrat et al., 2024). Additionally,
condition monitoring of PV systems is typically based on
measurements near the MPP (Lappalainen et al., 2024). Hence,
we focus on operating the PV cell at its MPP, making SA at this
point a reliable investigation. Although the partial derivatives
represent local sensitivity indices, the power variation (AP)
resulting from deviations in each parameter from its nominal
value is also an important quantity to study. Therefore, the
partial derivatives and the absolute power variation due to a
10% error in each parameter from its nominal value at the MPP
condition are reported in Table 3. In other words, a 10%
deviation from the baseline values in Table 2 is considered for
each parameter, while the remaining parameters are kept
constant. It should be noted that the variable 8 in Table 3 refers
to the five unknown electrical parameters (inputs) in the SDM
representation. Moreover, the power—voltage (P-V)
characteristics for the nominal parameters and for a 10%
variation in each parameter around the MPP are shown in
Figure 2. There is a very strong correspondence between the P—
V curves in Figure 2 and the |[AP| values in Table 3. It can be
observed from Table 3 that I, has the highest absolute
sensitivity value. However, the power variation for a 10% error
in this parameter is almost ten times smaller than that of I,
because I, has a value on the order of 0-1 pA, while I, has a
value between 0—1 A. This fact indicates that the scale of the
parameter value is as important as its sensitivity. Although R
has the absolute sensitivity value at 0.95, its power variation is
second lowest. According to Table 3, I,, has the third-highest
sensitivity value, which is almost twice that of a. However, the
absolute power variations for both I,,, and a are equal. The
parallel resistance R, has the minimum sensitivity, which also
results in a very small power variation. There are also several
other important points to consider, as stated in the following
remarks.




E. Moshksar et al. / JREE: Vol. 13, No. 1, (Winter 2026) 67-75 71

Table 1. Datasheet parameters for R.T.C. France solar cell.

Characteristic Symbol (unit) Value
Open-circuit voltage Voc V) 0.5728
Short-circuit current I (A) 0.7603

Voltage at maximum power Vinp (V) 0.4507
Current at maximum power Imp (A) 0.6894
Maximum power Pnp (W) 0.3107
Table 2. Estimated parameters for SDM of R.T.C. France solar cell by COA (Diab et al., 2020b).
Parameters L, (A) I (uA) a’ R; () R, ()
Values 0.76077 0.3084 1.47655 0.03655 52.82666
Table 3. Local derivative-based sensitivity analysis in the MPP condition.

Electrical parameters (0) Partial derivative (g—:) |AP|

Ipn 0.85 0.065

Iy -1.72x105 0.005

a 0.44 0.065

R -0.95 0.004

R, 1.5x10 ~* 7.7%x10 ~*
036 T T T T T
0.34 k
0.32
g 03
8
g 0.28
A —— Nominal 0.308
0.26 | ——L +0.11,
—a—I5 +0.1I5 | 0306
024 | ——a* +0.1a* | 0.304
: —e—R;S: + 0.1Rj£ 0.302 0
0.22 R+ 9‘1RP , 044 045 046 047 | 3
04 0.42 0.44 0.46 0.48 0.5 0.52

Voltage (V)

Figure 2. P — V curves of R.T.C. France solar cell at MPP for nominal parameters and their 10% error.

Remark 3: The 10% error in L, is highly unlikely, because
this parameter typically has a value around Iz.. On the other
hand, the diode ideality factor aaa can take any value between
1 and 2. Hence, considering |4P|, the diode ideality factor can
be regarded as the most influential parameter for SDM-based
power generation in practice.

Remark 4: The aforementioned analysis has been applied
to a PV cell. According to (4), for a PV module, the series
resistance is given by R, = NgR;, where typically Ny > 36 for
commercial modules. Therefore, in a PV module, R has higher
impact than I, or even I, considering the output performance
of the SDM.

Remark 5: A similar discussion of the previous remark can
be considered for the parallel resistance ﬁp = NgR, in a PV
module. However, due to very low sensitivity of R,, this
parameter has minimum impact on the P — V curve, even for a
PV module.

3.2 Global Analysis

Although local analysis provides insight into the
importance of the five unknown parameters, its reliability is
limited. Firstly, the values reported in Table 2 may not be exact.

Estimating the parameters of the SDM involves solving a
highly non-convex optimization problem. Hence, more precise
results may be obtained using different approaches, which
motivates the widespread use of stochastic and metaheuristic
algorithms. Secondly, even assuming that the reported values
in Table 2 are accurate, the preceding analysis only captures the
local behavior of the five parameters. A more robust approach
would consider a feasible range of variation for each parameter
rather than a single value. Furthermore, discrepancies have
been observed between parameter prioritization based on
partial derivatives and actual power variations, due to the
significantly different magnitudes of the parameters, ranging
from microamperes for I, to several hundred ohms for Ry,
Therefore, a precise sensitivity analysis necessitates converting
all inputs to dimensionless variables (Chirino and Xu, 2024).
Here, a global SA based on partial derivatives (Sobol and
Kucherenko, 2009) is applied to the SDM with five unknown
parameters at the MPP. This approach requires less
computation time than other global SA techniques, making it
suitable for complex models. First, all variables should be
normalized, i.e., the range of variation for each parameter is
limited to 0—1. The MPP values of voltage and current are
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considered due to the significance of this point on the -V
curve. To achieve a normalized variable for the photocurrent
(l,;h), min—max normalization is applied as follows:

Iph=Iph,min
Ii’)h = Iphf)n}:ax_p}l‘;)h,min (24)

where Ly min and Ip mqy are the minimum and maximum
feasible values for I,,,. The normalized variables Iy, a’, R, R,
can be achieved, similarly. The minimum and maximum values
for each electrical parameter are stated in Table 4. Star (*)
variables in this table are nominal values, which can be
achieved using any metahuristic optimization algorithms.
Remark 6: Other normalization methods, including Z-score
and decimal scaling, also exist. However, the commonly used
min—-max normalization technique is chosen due to its
advantages over other methods. Firstly, it preserves the relative
order and ratios between the original data points. Secondly, this
method is suitable for our purpose and easy to apply, since a
priori knowledge of the feasible bounds of the parameters is
available.

For the R.T.C. France solar cell, the nominal values are
stated in Table 2. Moreover, 4 represents variation in nominal
values. For photocurrent I,,,, additional coefficients namely «
and f are introduced to ensure that I;c < I,, < 1.21.

Table 4. Minimum and maximum values for electrical parameters in

the SDM.
Electrical parameters Minimum Maximum
Iph I;;h - aAI;h ;h + BAI;h
Iy Ig — Al Ig + AL
a a* —Aa* a* + Aa*
Ry R — ARS R; + ARg
R, R, — AR} R; + AR},

To have a comprehensive evaluation of global SA, 4 = 0.1
and 4 = 0.3 with « = 0.002 and 8 = 0.5 are considered for
R.T.C. France solar cell. By considering 4 = 0.3 and the
nominal values in Table 2, the following lower and upper
bounds of inputs will be achieved:

(lsc < In(A) < 1.15]

021 <Iy(UA) < 0.4

1.03<a<1.92 (25)
0.025 < Ry(Q) < 0.0475

L36.98 <R,(Q) < 6867

Remark 7: The variation of 4 = 0.3 considers a larger set
in the neighborhood of the nominal values. However, this
variation still ensures that all five parameters remain within
their admissible ranges. The justification that the above
inequalities are feasible can be supported by combinations of
empirical data, datasheets of the considered SDM, and
literature standards (Laudani et al., 2014; Jordehi, 2016;
Moshksar and Ghanbari, 2017).

Now, all the normalized variables can be obtained using the
min—-max normalization method. Consequently, all normalized
parameters have comparable weight within the range of 0 to 1.

Substituting the normalized variables into (8) and (9) and
recalculating the output P at the MPP results in:

P = f(Ipn, 16,2, RS, Rp) = f1(V) X (D (v,1)=(VimpLomp) (26)

where function f (Inp, Iy, @', R, Ry) is defined in the unit
hypercube H®. Without loss of generality, it is assumed that the
five normalized variables are independent random variables

with values between 0 and 1. As indicated, the partial
derivatives can only show the local sensitivity of P with respect
to the normalized variables at specific points I;h, I, a*, R;, R;;.
However, it has been shown in Sobol and Kucherenko (2009)
that a functional consisting of the integration over the
corresponding hypercube of the squared partial derivative can
be considered as an index for global SA. Here, the functionals
are defined as:

2
af ,

v, = — ] dx

Iph st (‘71{;}1)

af\2 , ,
Vip = Jus (a—lg) dx

Va = fys (%)2 dx’ 27)

a2, ,
Vis = Jus (a_R;) dx
2
of ,
Ve, = fHS (E) dx
where dx' = dl,,dlyda’dR¢dR;, is Lebesque measure.
Sobol and Kucherenko (2009) proved that there is a link

between the ith functional (v;) and its global sensitivity index
(S, as evident below:

ST < n‘;—‘D (28)

where D is the total variance of P = f(];,h, Iy,a’,Rg, Ry). In
fact, the proportional relation between v; and S/ in (28) reveals
that variables with smaller values of v have lower impact on the
PV model performance in their admissible range of variations,
and vice versa. Therefore, it is only required to obtain the partial
derivatives with respect to the normalized variables analytically
and then, calculate the five different quintuple integrals in (27),
numerically. Since the partial derivatives are complex
functions, numerical calculations of the functionals in (27) are
time-consuming and require high-speed computing processors
with parallel processing capabilities. Thus, the direct utilization

of (27) in its current form is impractical. To address this
af of

——,+,— are replaced with
Ay oRy, p

problem, the functions
. . . a
multivariable quadratic functions. For example, # can be
ph
approximated as:
of
s ~ ¥, Z?:l a;jxixj + Y aix +ag 29)
P
where [, x5, x3, %4, x5] = [l,;h,l(’,,a’, R, R,’J]. The
unknown constant coefficients a; > i and g, fori,j =1,--,5
are estimated by least square technique. For this purpose,

100000 data are extracted uniformly from a?f

- in H® hypercube

p

space. Likewise, all the other four partial differential equations
of of
T

Through the substitution of (29) in (27), the numerical values

for the global sensitivity index at MPP can be simply achieved

with very low computation cost and acceptable accuracy.

The coefficient of determination (R?) is calculated for each
approximated multivariable quadratic function to validate it
with respect to the corresponding real function. R? values for
approximated partial differential equations and the
corresponding global index values (v) are reported in Table 5
for R.T.C. France solar cell with SDM. Moreover, two
parameters ranges of 4 = 0.1 and 4 = 0.3 are considered for
accurate and comprehensive SA results.

) can be approximated by quadratic functions.
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Table 5. R? and v values for each electrical parameter in R.T.C. France solar cell with 4 = 0.1 and 4 = 0.3.

73

Electrical parameters R*(4=0.1) v(4=0.1) R*(4=0.3) v (A=0.3)
Ipn 0.9995 5.5408%x10 ~* 0.9934 0.0054
Iy 0.9977 1.5325x10 ~* 0.9664 0.0052
a 0.9959 0.0266 0.9745 1.7223
R 0.9995 6.3509%10 5 0.9597 0.0024
R, 0.9997 2.0344x10 0.9863 1.8272x10 -5

For both 4 = 0.1 and 4 = 0.3, R? > 0.95 was achieved,
indicating an acceptable and precise approximation of the
partial derivative functions. Thus, the numerically calculated
values for v are reliable and provide a reasonable representation
of global sensitivity.

Considering 4 = 0.1, the diode ideality factor a has by far
the highest sensitivity index. Following that, I,, has the
second-highest sensitivity value, which is approximately 3.6
times larger than that of I,. For a solar cell, Ry has a global
sensitivity value smaller than Iy. Finally, R, has the lowest
sensitivity index and, consequently, the least importance
among all five SDM inputs. It should be noted that for a PV
module, the series resistance Rg; might be more important than
I and even Ip,. In the case of greater uncertainty for the
estimated parameters, i.c., 4 = 0.3, a similar sensitivity
ranking is achieved. However, in this case, a becomes more
dominant between other four parameters. Also, the sensitivity
index value for I, is slightly larger than Iy. The main reason is
that I,,, has a lower degree of uncertainty as it is expected to be
close to Is.. The difference between R, and I, decreases for 4 =
0.3, implying that more attention should be devoted to R;
estimation in black-box identification. Ultimately, the
sensitivity index of R, decreases for higher degrees of
uncertainty in the electrical inputs of the SDM.

As a final interpretation, for parameter estimation of a
single solar cell with the SDM using any metaheuristic
algorithm, I, should be constrained between (I , 1.11].
Following that, the highest weight should be assigned to the
diode ideality factor. For black box modeling, L, and I, should
be estimated with similar weight and accuracy, but less than a.
Then, R, should be assigned less weight relative to I,, and I,.
If the identification is applied to a commercial PV module, it is
preferable to estimate Ry w with higher accuracy than both I,,
and /), but still less than the ideality factor. Finally, the parallel
resistance R, should have the lowest weight among all five
parameters for a PV cell or module.

Remark 8: It should be noted that all the results from both
local and global analyses are valid only at the MPP condition.
At off-MPP conditions, entirely different results may be
obtained. On the other hand, the MPP is by far the most
important operating point on the I-V characteristic. Hence, it is
logical to choose this point as the primary index among all other
possible operating conditions. Moreover, the analyses and the
corresponding results presented here are not valid under partial
shading conditions, because the SDM is not a reasonable
representation of the corresponding I-V curve under such
conditions. Accordingly, the results are only justifiable under
uniform solar irradiance.

Remark 9: The results of this study can be generalized to
any PV cell technology for which an SDM provides an
acceptable representation. If the SDM models the
corresponding PV cell with a reasonable degree of accuracy,
then the approaches and analyses of this study are valid.

Fortunately, many PV cells can be modeled using an SDM with
desirable accuracy.

Remark 10: The results of this SA investigation can be
utilized in other real PV system applications, such as accurate
SDM extraction, system monitoring, and the development of
reliable fault detection algorithms. For single-diode modeling
and parameter estimation, suitable weights for each parameter
can be assigned according to the results of this study in the
corresponding stochastic algorithm.

This will result in a more reliable SDM among the infinitely
possible models, due to the non-convexity of the identification
problem. For example, to obtain an SDM for a cell, it is logical
to assign the largest weight to the diode ideality factor, while
the lowest weight should be assigned to the parallel resistance.
For PV system monitoring and/or fault detection, changes in
parameter values or the rate of their change can be used as
monitoring and/or detection indices. For instance, early aging,
partial shading, hotspot conditions, and other mismatch
conditions can be detected by real-time estimation of the SDM
parameters. For this purpose, it is rational to focus on the most
sensitive parameters, such as the diode ideality factor or, in
large-scale PV systems, even the series resistance.

4. CONCLUSIONS

A PV cell with an SDM consists of five unknown electrical
parameters: Iph, Iy, a, R, and Rp. Determining the dominant
parameters and their impact on PV output power can improve
identification methods, model-based fault detection algorithms,
and system monitoring. In this research, derivative-based local
and global sensitivity analyses have been proposed to rank the
five inputs according to their impact on the output.

Due to the importance of the MPP, all analyses and
numerical calculations are performed at this operating
condition. The numerical results from the global analysis reveal
that the diode ideality factor, with a global index v = 1.7223
is by far the most dominant parameter in SDM performance.

Considering the logical and feasible range I, < I,,, < 1.15],
I, and I, hahave nearly equal global index values of v =
0.0054. Then, R, is ranked as the fourth most influential
parameter for P-V generation by the SDM, with a global index
of v = 0.0024. Ultimately, R, has the least impact on SDM
performance at the MPP, with an index value of v =
1.83 X 1075, showing a considerable difference from R;. In the
case of a PV module with N solar cells, R, has a higher weight

than /, and even [ ,;,, but still less than a. Since the index value

ph>
of R, is very low, it has the least importance in SDM
performance under any circumstances.
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NOMENCLATURE
K Boltzmann’s constant (J/K)
q Electron charge (C)
G Irradiance (W/m?)
T Temperature (Kelvin)
Lon Photocurrent (A)
Iy Diode saturation current (uA)
a Diode ideality factor
Ry Series resistance ()
R, Parallel resistance ()
I Output current (A)
4 Output voltage (V)
P Output power (W)
Greek letters
0 Five electrical parameters
v Functional
A Varaiation from nominla value
a Constant Coefficient
£ Constant Coefficient
Subscripts
M Module
A Array
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